Abstract-GO relation embodies some aspects of existence dependency. If GO term x is existence-dependent on GO term y, the presence of y implies the presence of x. Therefore, the genes annotated with the function of the GO term y are usually functionally and semantically related to the genes annotated with the function of the GO term x. A large number of gene set enrichment analysis methods have been developed in recent years for analyzing gene sets enrichment. However, most of these methods overlook the structural dependencies between GO terms in GO graph by not considering the concept of existence dependency. We propose in this paper a biological search engine called RSGSearch that identifies enriched sets of genes annotated with different functions using the concept of existence dependency. We observe that GO term x cannot be existence-dependent on GO term y, if x and y have the same specificity (biological characteristics). After encoding into a numeric format the contributions of GO terms annotating target genes to the semantics of their lowest common ancestors (LCAs), RSGSearch uses microarray experiment to identify the most significant LCA that annotates the result genes. We evaluated RSGSearch experimentally and compared it with five gene set enrichment systems. Results showed marked improvement.
INTRODUCTION
H IGH-THROUGHPUT technologies have generated massive biological data stored in databases such as mouse genetic informatics [14] and rat genome database [23] . This created the need for new tools that discover new pathway associations and identify the enriched sets of genes annotated with different functions and stored in these databases. These tools have become an important means for interpreting high-throughput experimental data. The tools employ different gene set enrichment analysis methods. The basic strategy for enrichment analysis is to iteratively test the enrichment of each annotation term and then select the terms that pass an enrichment P-value threshold ordered by an enrichment probability.
A large number of gene set enrichment analysis methods have been developed in recent years for analyzing gene set enrichment [4] , [6] , [8] , [9] , [13] , [18] , [19] , [20] . Each of these methods employs a different test statistic and null hypnosis to estimate the amount of differential expression of individual genes. However, most of these methods overlook the structural dependencies between gene ontology (GO) terms in GO graph as a result of not taking into consideration the concept of existence dependency. We propose in this paper a biological search engine called Related Significant Genes Search (RSGSearch) that identifies enriched sets of genes annotated with different functions using the concept of existence dependency. RSGSearch returns the set of genes that are the most semantically and functionally enriched with the set of input (target) genes. RSGSearch uses gene ontology [7] as a reference dataset. The structure of GO is described in terms of a graph, which we call GO graph. In this graph, GO terms are nodes and the relationships between the terms are edges.
An object x is existence-dependent on an object y if the existence of x is dependent on the existence of y [28] . GO relation embodies some aspects of existence dependency [7] . If GO term x is existence-dependent on GO term y, the presence of y in GO graph implies the presence of x [7] . Therefore, the genes annotated with the function of the term y are usually functionally and semantically related to the genes annotated with the function of the term x. Snoeck and Dedene [22] argue that the existence dependency relation is a partial ordering of object types (e.g., GO terms specificities). That is, if two objects belong to the same type, they cannot be existence dependent on each other. We propose in this paper a novel GO-related existence dependency methodology based on this observation stated in [22] . In our proposed approach, GO term x cannot be existence-dependent on GO term y, if x and y have the same specificity (biological characteristics).
Let S T be the set of terms annotating target genes in GO Graph. In the framework of RSGSearch, the set of result genes enriched with the target genes should be annotated with the function of the most significant lowest common ancestor (LCA) of set S T in GO Graph. From the candidate LCAs of S T , the most significant one is the one that satisfies the following: (1) the existence of set S T in GO graph is dependent on its existence, (2) it receives the most aggregate semantics contribution from S T , and (3) it annotates the most interesting genes according to microarray experiment. RSGSearch quantifies the semantics contribution of S T to the semantics of its candidate significant LCAs by encoding this contribution into a numeric format.
RSGSearch can be used for the following: (1) discovering new pathway associations, (2) determining gene-disease interactions (this is done by ranking the associations between the set of genes involved in the disease and the sets associated with cellular pathways), and (3) determining functionally related genes. A demo of RSGSearch that uses 11,000 KEGG yeast genes and a Gene Expression Omnibus (GEO) microarray file named "GSM34635.pad" is available at: http://ecesrvr. kustar.ac.ae:8080/
MOTIVATION AND RELATED WORK
The methods for overrepresentation analysis have become a de facto standard for molecular biological research [20] . A large number of gene set enrichment methods have been developed for analyzing gene set enrichment [4] , [6] , [8] , [9] , [13] , [18] , [19] , [20] . Each of these methods employs a different test statistic and null hypnosis to estimate the amount of differential expression of genes. However, most of these methods overlook the structural dependencies between GO terms in GO graph by not considering the concept of existence dependency. An object x is existence-dependent on an object y if the existence of x is dependent on the existence of y [28] . GO relation embodies some aspects of existence dependency [7] . If GO term x is existence-dependent on GO term y, the presence of y implies the presence of x [7] . Therefore, the genes annotated with the function of the term y are usually functionally and semantically related to the genes annotated with the function of the term x.
RSGSearch adopts the concept of existence dependency for determining the functional and semantic relationships of GO terms/genes. It checks whether the existence of the set of terms annotating target genes in GO graph is dependent on the existence of the set's significant LCA. If so, the genes annotated with the function of this significant LCA are functionally and semantically related to the genes annotated with the function of the target terms.
The book [20] surveys the current overrepresentation analysis methods and outlines their strengths and limitations. We describe below a study set of mouse aorta constructed by [20] to illustrate the strengths and limitations of these methods. In Sections 2.1, 2.2, 2.3, 2.4 and 2.5, we present the following: (1) description of these methods, (2) the analysis done by [20] of the overrepresentation results returned by these methods after being subjected to the study set, and (3) the analysis of the results returned by RSGSearch after being subjected to the same study set.
Study set of developing mouse aorta. We describe below a study set constructed by [20] to evaluate the current overrepresentation analysis methods. In Sections 2.1, 2.2, 2.3, 2.4, and 2.5, we describe the overrepresentation analysis results returned by these methods and RSGSearch after being subjected to this study set. We also use the study set to demonstrate how RSGSearch overcomes the limitations of these methods. The study set is a dataset of gene expression profiles of developing mouse. The data set is the result of investigation using microarray hybridization. In this experiment, the thoracic aorta was harvested from 15 newborn and 15 6-week old wildtype mice. For gene-expression analyses, 500 ng total RNA of each RNA sample was labeled. A t-test was performed followed by Benjamini and Hochberg multiple-testing correction to determine which genes were differentially expressed. The result of the experiments was a list of differentially expressed genes (the study set) and a list of all genes measured by the microarray hybridization (the population set). For the analysis of the aorta data, a study set of 1,494 significantly downregulated annotated genes was compared against 16,359 annotated genes in the population set. Example 1. We subjected the study set of the "developing mouse aorta" described previously to RSGSearch. From the populations set, RSGSearch returned a subset as the most semantically and functionally enriched (associated) with the target genes (study set). This subset is annotated with the functions of the following three GO terms: 1) GO:0030048 (actin filament-based movement).
2) GO:0030049 (muscle filament sliding).
3) GO:0006936 (muscle contraction). The genes annotated with the functions of the three GO terms and the genes of the study set are all members of a same pathway, which is "Hepatic fibrosis pathway". This can be considered as an indicative of the correctness of the result, since pathways have high functional similarity.
Term-for-Term Overrepresentation Analysis
The term-for-term approach identifies the most interesting genes/GO terms by performing statistical significance test (e.g., Fisher's exact test) for each term separately. This approach has been the most commonly used method for GO analysis [19] . For each GO term t, the population set is divided into two classes, one with genes annotated to t and the other not. The null hypothesis states that there is no positive association between genes annotated to t and the study set. According to [20] , the following are the limitations of this approach:
1) The approach may flag too many GO terms as significantly overrepresented, which is a major drawback. If a GO term shares genes with a second term, and one of the terms is overrepresented, the other term will also be detected as overrepresented. This propagation problem represents a major drawback, because of the statistical dependencies of inferred annotations. The cause of this problem is that the approach neither takes into account the network structure nor the existence dependencies among GO terms in GO graph. 2) The approach determines the significance of each term in isolation and it does not "see the forest for the trees". As a result, the approach is not designed to return a set of core terms that together best explain the set of genes in the study set.
Example 2. To demonstrate the limitations of the term-forterm approach, the book [20] subjected the study set of the "developing mouse aorta" described previously to the term-for-term approach. The approach flagged 126 terms as having statistically significant overrepresentation. As [20] states, most of the 126 terms are false positives, which are not useful for biologists who need to interpret biological ramifications.
RSGSearch versus the term-for-term approach. As described in example 1, RSGSearch returned only three GO terms as overrepresented. The three terms are among the 126 terms returned by the term-forterm approach. Using the concept of existence dependency adopted by RSGSearch, we found that the genes of 97 of the remaining 123 terms are not functionally related to the study set (i.e., these genes and the study set are members of different pathways).
Example 3.
To further demonstrate the problem of the termfor term approach, the book [20] constructed a study set in which the GO term GO:0051179 (localization) is artificial overrepresented. The study set is created by taking all the genes of the term and removing each one with a probability of 0.2. Also, each gene not annotated to the term is added to the study set with a probability of 0.2. The term-for term approach returned 184 terms as having statistically significant overrepresentation despite the fact that only a single term was intentionally overrepresented. This provides a good illustration of the ways that statistical dependencies influence overrepresentation analysis.
RSGSearch versus the term-for-term approach. We submitted the same "localization" data to RSGSearch. It returned only the following four terms as having overrepresentation: GO:0051601 (exocyst localization), GO:0034629 (cellular protein complex localization), GO:0070727 (cellular macromolecule), and GO:0008104 (protein localization). The genes annotated with the functions of the four GO terms and the genes of the localization term are all members of a same pathway, which is "gamma-linolenate biosynthesis II" pathway. This is an indicative of the correctness of the result. The four terms are among the 184 terms returned by the term-for-term approach. Using RSGSearch's concept of existence dependency, we found that the genes of 126 of the remaining 180 terms are not functionally related to the genes of the localization term (i.e., these genes and the localization genes are members of different pathways).
Parent-Child Overrepresentation Analysis
The parent-child approach addresses the propagation and the too many false-positive problems of the term-for-term approach by conditioning a term's relevance on the annotations of its parental terms. Instead of drawing the items from the full population, this approach allows the items to be drawn from just the set of items that are annotated to the parents of each term t. The statistical test considers only the genes from the study set annotated to the parent of t and it also considers the genes in the population set that are annotated to t. The population that underlies Fisher's exact test is changed from the total population set to only the genes annotated by the parent of the term t.
Example 4. The book [20] subjected the study set of the "developing mouse aorta" described previously to the parent-child approach. The approach returned 16 terms as having statistically significant overrepresentation.
Some of the 16 terms are false positives. The cause of this problem is that the approach neither takes into account the whole network structure nor the existence dependencies among GO terms in GO graph.
RSGSearch versus the parent-child approach. As described in example 1, RSGSearch returned only three GO terms as overrepresented. The three terms are among the 16 terms returned by the parent-child approach. Using the concept of existence dependency adopted by RSGSearch, we found that the genes of eight of the remaining 13 terms are not functionally related to the study set (i.e., these genes and the study set are members of different pathways).
Topology-Based Overrepresentation Analysis
The topology-based approach (e.g., [1] ) calculates the significance of a term t in light of the annotations to the children or the most significant neighbors of the term t. The assumptions of the topology-based approach are different from those of the parent-child approach in that it seeks to capture the most specific overrepresented terms by simultaneously down-weight annotations to the parents of these terms in order to reduce statistical dependencies. Two distinct topology-based algorithms have been presented to accomplish this objective. One of them is called "Elim" and the other is called "Weigh" [1] . The Elim algorithm traverses the graph representation of the ontology in bottom-up fashion, using depth first search (DFS). When the DFS reaches a leaf node in the ontology, it performs a Fisher's exact test exactly as in the term-for-term approach. If the result of this test is significant, all of the genes annotated to the term are marked. The Weight algorithm treats genes as weighted sets and it compares the significance scores of connected nodes to identify the locally most significant terms and to down-weight the genes in the less significant neighbors. Each GO term t is assigned a weighted set that corresponds to the genes annotated to t. The weight function is initially set to 1. For each term, a weighted Fisher's exact test is performed with the cardinalities of the involved weighted sets.
Example 5. The book [20] subjected the study set of the "developing mouse aorta" described previously to the Topology-Elim approach. The approach returned the following nine terms as having statistically significant overrepresentation: GO:0030048 (actin filament-based movement), GO:0030049 (muscle filament sliding), GO:0006936 (muscle contraction), GO:0044763 (single-organism cellular process), GO:0009987 (cellular process), GO:0044699 (singleorganism process), GO:0032501 (multicellular organismal process), GO:0044707 (single-multicellular organism process), and GO:0003008 (system process). As [20] states, some of the nine terms are false positives, which are not useful for biologists. An inspection of the results shows that if a term is called significant, none of its parent terms is called significant. This is because the approach does not take into account the existence dependencies among terms in GO graph.
RSGSearch versus the topology-based approach.
As described in example 1, RSGSearch returned only the following three GO terms as overrepresented:
GO:0030048 (actin filament-based movement), GO: 0030049 (muscle filament sliding), and GO:0006936 (muscle contraction). As can be seen, the three terms are among the nine terms returned by the Topology-Elim approach. Using RSGSearch's concept of existence dependency, we found that the genes annotated with the functions of the following four of the nine terms returned by the Topology-Elim approach are not functionally related to the study set: GO:0044699, GO:0032501, GO:0044707, and GO:0003008. Moreover, the study set and the genes annotated with the functions of the following 6 of the 9 terms returned by the approach are members of different pathways: GO:0044763, GO:0009987, GO:0044699, GO:0032501, GO:0044707, and GO:0003008. Thus, these six GO terms are false positives.
Model-Based Gene Set Analysis (MGSA)
Similar to RSGSearch, the MGSA approach (e.g., [3] ) considers active GO terms as the potential cause of gene responses. Both RSGSearch and the MGSA enable one to distinguish between causal categories and categories merely associated with gene response. The MGSA approach embeds GO terms and the genes they annotate into a Bayesian network and uses probabilistic methods to search for the optimal combinations [3] . The experiment and its associated analysis provide observations of the gene states that are associated with unknown false positive and false negative rates, which are assumed to be identical and independent for all genes. MGSA finds the posterior probability of any GO term in the active state.
Example 6. The book [20] subjected the study set of the "developing mouse aorta" described previously to the model-based approach. The approach returned the following four terms as having significant overrepresentation: (1) GO:0030048 (actin filament-based movement), (2) GO:0005859 (muscle myosin complex), (3) GO:0009987 (cellular process), and (4) GO:0006936 (muscle contraction).
RSGSearch versus the MGSA approach. As described in example 1, RSGSearch returned only the following three GO terms as overrepresented: GO:0030048 (actin filament-based movement), GO:0030049 (muscle filament sliding), and GO:0006936 (muscle contraction).
As can be seen, the two terms GO:0030048 and GO:0006936 are among the four terms returned by the model-based approach. Using the concept of existence dependency adopted by RSGSearch, we found that the genes annotated with the functions of the following two of the four terms returned by the model-based approach are not semantically and functionally related to the study set: GO:0005859 and GO:0009987. Moreover, the study set and the genes annotated with the functions of these two terms are members of different pathways. Thus, these two terms are false positives.
Semantic Similarity Measure Approaches
Functional similarity describes the similarity between genes (or gene products) based on the similarity of their GO functional annotation terms. This is because genes whose GO terms are semantically related tend to have common properties. There are three key approaches for measuring the semantic similarities of terms: set-based, graph-based, and vector based approaches. In the graph-based approach, the similarity of terms is viewed as a graph-matching procedure. In the vector-based approach (e.g., [2] ), the ontological terms are embedded in a vector space by associating each term with a dimension. In the set-based approach (e.g., [24] ), two terms are considered similar if there is a considerable overlap among their sets of terms. Lord et al. [11] were the first to apply GO-based semantic similarity to compare genes. They tested the three measures Resnik [17] , Lin [12] , and Jiang [9] based on Information Content. Pesquita et al. [15] defines semantic similarity measure as a function that returns a numerical value reflecting the closeness in meaning between two ontology terms annotating two biological entities.
The following are the key limitations of the current similarity measure approaches outlined above: (1) they assume similar semantic contributions for "is-a" and "part-of" relations in GO graph, (2) they overlook the specificities of GO terms in GO graph, and (3) they overlook the existence dependencies between reference and target GO terms in GO graph. Pesquita et al. [15] and Robinson and Bauer [20] point out that the current similarity measure approaches may not perform well in bio-ontologies, because of the following: (1) in most bio-ontologies, terms at the same depth do not necessarily have the same specificity, (2) paths of the same length in different parts of an ontology do not necessarily represent the same semantic distance, and (3) it is difficult to assign a meaning to a semantic similarity score (for instance, even if phenotypic abnormalities entered by a physician do not correspond to any of the diseases in the database, a result will be returned in which the diseases with the best scores are shown). The approach adopted by RSGSearch overcomes these limitations by considering the following: (1) the specificities of GO terms, (2) the existence dependencies between GO terms, and (3) the semantic contributions of "is-a" and "part-of" relations.
We proposed previously two systems called GRtoGR [25] and GOSE [26] for determining semantically and functionally related genes. The two systems outperform the current semantic similarity measures by using the concept of existence dependency between GO terms. The two systems determine the semantic similarities of genes based on the existence dependencies between their GO annotation terms. Similar to RSGSearch, GRtoGR and GoSE define the specificity of a GO term t as the number of "is-a" relations in the path from the root to the term t (i.e., the distance of the term t from the root based on the number of "is-a" relations). In GRtoGR, the genes annotated to GO term C are semantically related to the genes annotated to GO term A and not to the ones annotated to GO term B if A and B have the same specificity and also the LCA of A and C is a descendant of the LCA of C and B. GoSE employs a stack-based sort-merge approach for determining functionally related genes. GO terms t 1 and t 2 are considered semantically related, if the terms located in the path from t 1 to t 2 have unique specificities.
RSGSearch is an expansion and improvement over our previously proposed systems GRtoGR [25] and GoSE [26] as follows. Let S T be the set of GO terms annotating target genes. Unlike RSGSearch, GRtoGR and GoSE do NOT consider the following: (1) the aggregate contributions of set S T to the semantics of its LCAs, (2) the semantic contributions of "is-a" and "part-of" relations located in the paths from set S T to its LCAs, and (3) the distances in GO graph between set S T and its LCAs. RSGSearch overcomes these shortcomings as follows: (1) it define s similarity measure as a function that returns a numerical value reflecting the closeness in meaning between set S T and its LCAs, (2) it considers the semantic contributions of "is-a" and "part-of" relations, (3) it considers the distances of the paths from set S T to its LCAs, (4) it uses microarray experiment to identify the significant LCA annotating the interesting genes, and (5) it uses a more restrictive approach.
OUTLINE OF THE APPROACH
RSGSearch accepts keyword-based queries with the form Q ("g 1 ", "g 2 ", .., "g n "), where g i denotes a gene. Such query asks for the set of genes that is semantically and functionally related to each of the query genes "g 1 ", "g 2 ", . . . , and "g n ".
The answer for the query is the set of genes annotated with the function of the LCA of the GO terms annotating the query genes "g 1 ", "g 2 ", . . . , and "g n ".
Notation 3.1 (Keyword Context (KC)). A KC is a GO term
annotating a query gene. For example, consider Fig. 1 and the query Q("Br"). The GO terms GO:0048513 (organ development) and GO:0072028 (nephron morphogenesis) are KCs because they annotate the query gene "Br".
Notation 3.2 (Related Keyword Contexts (RKC)
). There could be more than one GO term annotating the same query gene. Thus, a query gene can be annotated to more than one KC. From the set of n query genes annotated to m number of KCs (where m ! n), RKC is the smallest subset of the m KCs that annotates all the n query genes.
We use as a running example throughout the rest of the paper the following keyword-based query: Q("Br", "GCNTI"). The query asks for the set of genes that are semantically and functionally related to both of the query genes "Br" and "GCNTI". As shown in Fig. 1 that: (1) the KCs annotating the gene "Br" are GO:0048513 (organ development) and GO:0072028 (nephron morphogenesis), and (2) the KCs annotating the gene "GCNTI" are GO:0048729 (tissue morphogenesis) and GO:0060993 (kidney morphogenesis). Table 1 shows the candidate RKCs and their LCAs.
Below is an outline of the sequential processing steps taken by RSGSearch for determining the set of genes that are semantically and functionally related to a set of genes:
1) Determining whether RKC are semantically and functionally related to their LCA using the concept of existence dependency. If RKC are not semantically related to one of their candidate LCAs, this LCA will be disregarded from consideration. This is because, intuitively, the genes annotated to this LCA are not semantically and functionally related to the query genes annotated to the RKC. In order for RKC to be semantically and functionally related to their LCA, their existence in GO graph should be dependent on the existence of the LCA. We observe that in order for RKC to be existence-dependent on their LCA, the specificities of the RKC should be different than the specificity of the LCA. We validate this observation heuristically in Section 4. The specificity of a GO term t is the number of "is-a" relations that connect t with the root term (i.e., the distance from t to the root based on "is-a" relations). For example, recall Fig. 1 . The root term GO:0008150 (biological process) has its own specificity. The terms GO:0009653 (anatomical structure morphogenesis) and GO:0032502 (development process) have the same specificity, because they have the same "is-a" distance to the root; therefore, they inherit the same characteristics from their common supertype GO:0008150. Similarly, the terms GO:0048856 (anatomical structure development), GO:0009887 (organ morphogenesis), and GO:0072028 (nephron morphogenesis) have the same specificity. If a term has multiple inheritances, only its longest distance to the root is considered. In Fig. 1 , each set of terms that have the same specificity are colored with the same color to denote their specificity. For example, the terms GO:0048856 (anatomical structure development), GO:0009887 (organ morphogenesis), and GO:0072028 (nephron morphogenesis) are colored with the same color as an indicative that they have the same specificity. 2) Ranking LCAs based on the semantic contributions they receive from their RKCs. After disregarding the LCAs described in step 1, the remaining ones are ranked based on their degree of association with their RKCs. The ranking of these LCAs is determined based on the aggregate semantic contributions they receive from the following: (1) their RKCs, and (2) the terms located in the paths from the LCAs to their RKCs. RSGSearch quantifies the semantic contributions of RKCs and other terms. That is, RSGSearch encodes the semantic contributions into a numeric format. This process is described in more details in Section 5. 3) Identifying the LCA that annotates the most significant genes. From the highest-ranked LCAs determined in step 2, RSGSearch identifies the one that annotates the most interesting (significant) genes. The genes that are the most semantically and functionally related to the input query genes are annotated to this LCA. This process is described in details in Section 6.
IDENTIFYING LCAS THAT ARE SEMANTICALLY AND FUNCTIONALLY RELATED TO RKC
We use the notation SR LCA to denote the set of KCs that are semantically and functionally related to their LCA. We use the notation KC Y 2 SR LCA to denote that a KC KC Y is semantically and functionally related to its LCA. Let LCA X be a LCA of RKC. In order for LCA X to be considered as one of the candidate LCAs annotating the genes that are semantically and functionally related to input query genes, each KC 2 RKC has to be semantically/functionally related to LCA X (i.e., each KC 2 SR LCA X ). That is, if a KC Y 2 RKC and KC Y = 2 SR LCA X , LCA X will be disregarded from consideration.
Proposition 4.1. In order for a KC to be semantically and functionally related to its LCA (i.e., KC 2 SR LCA ), the specificities of the GO terms located in the path from the KC to its LCA, inclusive, should be unique (i.e., there should not be two or more terms in the path with the same specificity.
Notation 4.1 : SPEC t denotes the specificity of GO term T.
We validate proposition 4.1 heuristically as follows: Validation 1. We validate: if a KC 2 SR LCA , then SPEC KC 6 ¼ SPEC LCA . That is, in order for a KC to be semantically and functionally related to its LCA, its specificity should be different than the specificity of the LCA.
We are going to validate this rule by checking whether it conforms to the structural characteristics of existence dependency. An object x is existence-dependent on an object y if the existence of x is dependent on the existence of y [28] . The existence dependency concept and the SR LCA concept have correspondences: both denote that an object (s) has a strong association with another object. SR LCA is a set of GO terms, whose existence in GO graph is dependent on the existence of their LCA. Snoeck and Dedene [22] argue that the existence dependency relation is a partial ordering of object types (e.g., GO terms specificities). The authors transform an OO schema into a graph consisting of the object types found in the schema and their relations. The object types in the graph are related only through associations that express existence dependency. The authors demonstrated through the graph that an object type (e.g., GO term specificity) is never existence-dependent on itself. That is, if the two objects O i and O j belong to the same type (specificity), O i cannot be dependent on O j and vice versa. This finding is in agreement with proposition 4.1, which states that a KC = 2 SR LCA , if SPEC KC ¼ SPEC LCA (this is true if we view a GO term as an object and the specificity of the term as the object's type). Thus, if a KC has the same specificity as its LCA, it cannot be existencedependent on the LCA; therefore, it cannot be semantically and functionally related to the LCA. We can also conclude that any two terms that have the same specificity cannot be semantically related.
Validation 2. We validate: if a KC 2 SR LCA , then SPEC Tx 6 ¼ SPEC Ty where T x and T y are any two terms located in the path from the KC to its LCA. Intuitively, in order for the KC to be semantically related to its LCA, then T x and T y should be semantically related, because they relate (connect) between the KC and its LCA. That is, if T x and T y are not semantically related, they cannot relate between the KC and its LCA (because they cannot pass the semantic contribution of the KC to its LCA). In order for T x and T y to be semantically related, then SPEC Tx 6 ¼ SPEC Ty (recall the conclusion of validation 1).
Definition 4.1 (descendants-or-self). GO term "b" is said to
have a descendants-or-self relationship with GO term "a", if it is a descendant of "a" or it is equal to "a". This is denoted as "b 2 descendants-or-self(a)".
We now formalize the concept of SR LCA in Definition 4.2.
Definition 4.2 (SR LCA )
. SR LCA is a set of KCs, where SR LCA ¼ ft j t is a KC; where SPEC t 6 ¼ SPEC t0 t 0 2 descendants-or-selfðLCAÞ & j t 6 ¼ t0g
Example 7. Let us determine whether the LCAs in our running example, which are shown in Table 1 , are semantically and functionally related to their RKCs. Table 2 shows whether each LCA is semantically related to its RKC. The following are the disregarded LCAs. 
ASSIGNING SEMANTIC WEIGHTS TO LCAS
The degree of associations between RKCs and their LCAs vary based on the RKCs' contributions to the semantics of their LCAs. The greater the semantic contribution of RKC, the stronger the association between the RKC and its LCA will be. The candidate LCAs annotating the genes that are the most semantically related to the input query gene are the ones that receive the most aggregate semantic contributions from: (1) their RKCs, and (2) the terms located in the paths from the RKCs to their LCAs. To identify these LCAs, we quantify the contributions of RKCs and their ancestors to the semantics of the LCAs. That is, we encode the semantic contributions into numeric format. We define the semantic value of a LCA as the aggregate semantic contributions of the terms located in the paths from RKC to the LCA. A KC closer to the LCA contributes more to the semantics of the LCA, while a KC farther from the LCA contributes less. We define the contribution of a term t with regard to a KC KC u to the semantics of a LCA LCA v as the semantic weight (SW) of t related to KC u (denoted by SW KCu ðtÞ). The SW of LCA v related to KC u , is defined as:
where e c is the semantic contribution factor for the edge linking term t with its child term t 0 and 0 < e c < 1. We define the contribution of KC u to LCA v as decay minðdepthÞ , where decay is a parameter that can be set in the range 0-1, and min(depth) is the minimum depth (hierarchical level) of KC u , considering the depth of the root term as 0. The ancestors of KC u contribute less, that is why we have 0 < e c < 1. The SW of LCA v is the aggregate contribution of the semantics of all terms located in the path from each KC 2 RKC to LCA v . Thus, we calculate the SW of LCA v as:
where SW KC i ðLCA v Þ is the aggregate contribution of the semantics of all terms located in the path from KC i 2 RKC to LCA v .
Example 8. Consider the query Q("Br", "GCNTI") of our running example. Let us quantify the contributions of RKCs and their ancestors to the semantics of their LCAs.
Consider that parameter decay in Equation (1) is set to 0.5. Table 3 shows the value of decay minðdepthÞ for each KC. Consider that the semantic contribution factors for 'is-a' and 'part-of' relations are 0.7 and 0.6 respectively. Table 4 shows the SW values of the LCAs that are semantically related to their RKCs (disregarded LCAs are not shown).
6 DETERMINING THE LCA ANNOTATING THE MOST SIGNIFICANT GENES As described in Section 5, candidate LCAs that have high SW values usually annotate the genes that are the most semantically related to input query genes. However, the number of interesting (significant) genes annotated to these LCAs varies from a LCA to another. From the set of candidate LCAs that are semantically related to their RKC, RSGSearch identifies the one with the highest combination of: (1) high SW value, and (2) high number of significant genes. RSGSearch would then return the set of genes annotated to this LCA as the most interesting genes that are semantically and functionally related to input query genes. Towards this, RSGSearch selects the candidate LCA that has the greatest product of multiplying its number of significant genes and its SW value. RSGSearch employs Fisher's exact test and gene expression microarray experiment [2] to find the number of interesting (significant) genes annotated to candidate LCAs. Consider the following:
The total number of genes in microarray is "a". The result of the microarray experiment revealed "c" significant genes. The number of genes annotated to a LCA LCA v is "b". The number of genes of interest annotated to LCA v is "k". The probability that the number of significant genes annotated to LCA v is exactly "k" out of the "c" significant genes is given by the following Fisher's exact test:
"a": the set of genes in microarray. "b": the set of genes annotated to LCA v . "c": the number of significant genes revealed by microarray experiment. "k": the number of genes of interest annotated to LCA v . The final score of LCA v is the product of multiplying SW (LCA v ) and Pr(LCA v ) as shown in Equation (4):
We multiply SW(LCA v ) and Pr(LCA v ) because each of the two measures evaluates a different semantic of LCA v and we look for a candidate LCA that has the greatest product of the two measures. If a candidate LCA has more than one SW value, RSGSearch selects the maximum one.
Example 9. As shown in Table 4 , GO:0048856 and GO:0001822 are two candidate LCAs that are semantically and functionally related to their RKCs. Let us determine which of the two LCAs has the highest combination of SW value and number of significant genes. The set of genes annotated to this LCA is the most interesting genes that are also the most semantically and functionally related to the input query genes "Br" and "GCNTI". Using the microarray information shown in Table 5 , we compute the final scores for the two candidate LCAs. Table 6 shows the number of genes annotated to each of the two LCAs.
Equations (5) and (6) show the probability of significant genes annotated to each LCA computed using Equation (3). Table 7 shows the following: (1) the probability of significant genes annotated to each LCA, and (2) the final score of each LCA computed using Equation (4) . Since the final score of LCA GO:0001822 is greater than that of LCA GO:0048856, the set of genes annotated to GO:0001822 is returned as the answer for the query
PrðGO:
EXPERIMENTAL RESULTS
We implemented RSGSearch in Java, run on Intel(R) Core (TM) i5 processor, with a CPU of 2.60 GHz and 4 GB of RAM, under Windows 7. Demos of RSGSearch that use 11,000 KEGG yeast genes and a Gene Expression Omnibus microarray file named GSM34635.pad are available at: http://ecesrvr.kustar.ac.ae:8080/ We evaluated the quality of RSGSearch by comparing it experimentally with the following five systems:
EnrichNet [8] . EnrichNet determines functional gene set associations by exploiting information from molecular interaction networks. It uses a procedure to score the distances between target gene set and reference datasets in the network using a random walk with restart algorithm and the comparison of these scores against a background model. It then ranks the reference pathways accordingly and returns the highly ranked ones. It assigns distance score between target and candidate enriched genes using probability estimation. We downloaded EnrichNet from: http://www.enrichnet.org GENECODIS [4] . GENECODIS generates statistical rank scores for annotations and their combinations. It determines the biological annotations of target genes by over-representation (using the x2 test) with respect to reference dataset by extracting all combinations of annotations that appear in at least x genes, with x being a user-defined threshold. It then counts the occurrence of each set of annotations in the list of genes and in a reference list. We downloaded GENE-CODIS from: http://genecodis.dacya.ucm.es/ g:Profiler [18] . After inputting a list of genes, g:Profiler finds the common knowledge of the list with a reference data. It then returns the set of enriched functional terms and genes along with the enrichment statistical significance (P-value). Genes are ranked based on the significant differential expression. g:Profiler uses cumulative hypergeometric Pvalues to identify the significant terms corresponding to target genes using Pearson correlation and Euclidean distance mathematical measure. We downloaded it from: http://biit.cs.ut.ee/gprofiler/ GRtoGR [25] and GoSE [26] : We proposed previously the two systems GRtoGR and GOSE for determining semantically related genes. Recall Section 2.5 for the descriptions of the two systems.
Compiling Datasets for the Evaluation

KEGG and Pfam Benchmarking Datasets
Pathways are sets of genes shown to have high functional similarities [6] . A fully described pathway represents the dynamics and dependencies among a set of genes. Therefore, we used in our experiments pathways as a reference for evaluating and comparing the six systems. We used two different pathway benchmarks: KEGG and Pfam benchmarks. KEGG Pathway [10] is a collection of manually drawn pathway maps. Pfam [16] is a collection of highly related protein/gene families. Genes which share common domains in a Pfam clan often have a similar molecular function. We selected for the experiments 700 pathways/clans as shown in Table 8 . We retrieved the KEGG genes from the DBGET database [5] . We retrieved the Pfam entries from the Sanger Pfam database [21] and the corresponding gene identifiers from Uniprot database [27] .
YeastNet Functional Gene Network
YeastNet [13] is a functional gene network for baker's yeast. The current version of YeastNet (v3) provides a single network that maps 362,512 functional couplings among 5,818 coding genes and about 2 million links from all data-specific networks. For our experiments, we selected a sub-network containing 2,000 coding genes and 124,616 functional couplings.
Evaluating Recall and Precision
We measured the Recall and Precision of the six systems using the KEGG, Pfam, and YeastNet benchmarking datasets described in Sections 7.1.1 and 7.1.2. In Section 7.2.1, we describe the procedure we followed for measuring the recall and precision using the KEGG and Pfam datasets. In Section 7.2.2, we describe the procedure we followed for measuring the recall and precision using the YeastNet dataset. Table 9 in Appendix shows 10 sample queries from the KEGG yeast query genes we used in the experiments along with their Recalls/Precisions.
Measuring Recall and Precision using the KEGG and Pfam Benchmarking Datasets
We randomly selected 800 sets of query genes from the KEGG and Pfam datasets described in Section 7.1.1. The following is the breakdown of the 800 query sets:
Two hundred query gene sets from the KEGG yeast pathways. Two hundred query sets from the KEGG human pathways. Two hundred query gene sets from the Pfam human clans. Two hundred query gene sets from the Pfam yeast clans. Let S be the set of all genes that are members of a pathway P and let n be the number of these genes. P is one of the 700 KEGG pathways/clans described above. Each of the 800 sets of query genes used in the experiments is a subset of set S and consists of two, three, four, or five genes selected randomly. The set of query genes is then submitted to the six systems. Each system should return another set S0 of genes as functionally similar to S. In order for the two sets S0 and S to be functionally similar, they should be members of the same pathway P. We measured the recall and precision of the results returned by each system as follows. Let m be the number of genes in set S 0 . Recall ¼ ðjS 0 \ Sj=nÞ and Precision ¼ðjS 0 \ Sj=mÞ. Fig. 2 shows the Recall and Precision of the six systems over the: (1) Two hundred sets of KEGG human query genes, (2) Hundred sets of KEGG yeast query genes, (3) Two hundred sets of Pfam human query genes, and (4) Two hundred sets of Pfam yeast query genes. Fig. 3 shows the overall Recall and Precision of all the queries.
Measuring Recall and Precision Using the YeastNet Network Dataset
We randomly selected 800 different sets of query genes from the 2,000 YeastNet coding genes used in our experiments and described in Section 7.1.2. Each query consists of two, three, four, or five gene keywords. We first submitted the 800 sets of query genes to YeastNet as seed genes for network search. YeastNet uses 'guilt-by-association' method to collect the genes that are closely connected to the seed genes and then prioritizes the resulting genes based on their log likelihood score (LLS). We selected only the highly ranked genes with LLS ! 3. We then submitted the same 800 sets of query genes to the six systems. We then measured the Recall and Precision for each system by matching its results with the results returned by YeastNet. Fig. 2 shows the Recall and Precision of the six systems over the 800 sets of YeastNet genes (see the bars at the right side of the figures). Fig. 3 shows the overall Recall and Precision.
Discussion of the Experimental Results
As Figs. 2 and 3 show, the Recall and Precision values reveal that RSGSearch outperforms the other five methods.
The results reveal the robustness of the RSGSearch's method and its ability to reflect the semantic and functional relationships among different sets of genes.
RSGSearch versus EnrichNet, GENECODIS, and g:Profiler
As can be seen from Figs. 2 and 3, RSGSearch outperformed EnrichNet, GENECODIS, and g:Profiler. The following are our findings from the experimental results:
Thirty three percent of GENECODIS's faulty results, 38 percent of g:Profiler's faulty results, and 26 percent of EnrichNet's faulty results are caused by overlooking the structural dependencies between GO terms in GO graph by not considering the concept of existence dependency. An object x is existencedependent on an object y if the existence of x is dependent on the existence of y [28] . GO relation embodies some aspects of existence dependency [7] . If GO term x is existence-dependent on GO term y, the presence of y implies the presence of x [7] . Therefore, the genes annotated with the function of the term y are usually functionally and semantically related to the genes annotated with the function of the term x. RSGSearch overcomes these problems by considering the concept of existence dependency and the structural dependencies among GO terms for determining the semantic relationships among genes. Seventeen percent of GENECODIS's faulty results, 14 percent of g:Profiler's faulty results, and 9 percent of EnrichNet's faulty results occurred when there are multiple candidate enriched gene sets that receive close or the same enrichment rank or score and some of these sets are located above and the other below target query genes in GO graph. This is because the three methods overlook the depths of selected enriched gene sets in GO graph (e.g., they overlook whether these sets are in shallow or deep hierarchical levels in the graph). Intuitively, the degree of enrichment among deeper genes is stronger than those among shallower ones. RSGSearch overcomes this problem by considering the depths of GO terms in GO graph. That is why it achieved the same Recall values and the same Precision values regardless of the locations of target genes and enriched gene sets in GO graph, which is an indicative that the locations of these genes are irrelevant to the performance of RSGSearch. Twenty two percent of GENECODIS's faulty results, 13 percent of g:Profiler's faulty results, and 4 percent of EnrichNet's faulty results occurred when there are multiple candidate enriched gene sets, and these sets: (1) have different distances from target query genes in GO graph, and/or (2) are connected with target genes by different types of GO relations (e.g., "is-a" and "part-of"). This is because the three methods overlook the distances between selected enriched gene sets and target query genes in GO graph and also overlook the types of GO relations connecting these genes. Intuitively, the degree of enrichment among closer genes is stronger than among farther ones. Moreover, functional similarity of genes decays rapidly as their path length increases. RSGSearch overcomes this problem by considering: (1) the aggregate contributions of KCs to the semantics of their LCAs, (2) the semantic contribution factors of "is-a" and "part-of" relations, and (3) the distances between KCs and their LCAs. As can be seen from the Pfam results shown in Fig. 2 , RSGSearch achieved close Precision values and slightly lower Recall values than EnrichNet. The reason is that most of the paths from the GO terms annotating target genes to the root term in the Pfam GO graph are connected only by 'is-a' relations. We observed that RSGSearch does not perform well under this scenario. We found that this scenario exists in 18 percent of the Pfam dataset, 12 percent of the KEGG dataset, and 8 percent of the YeastNet dataset. More research work needs to be done to overcome this limitation. 3 . Overall recall and precision using the 1,500 query gene sets.
RSGSearch versus GRtoGR and GoSE
As can be seen from Figs. 2 and 3, RSGSearch outperformed our previously proposed systems GRtoGR [25] and GoSE [26] . The following are our findings:
Twenty one percent of GRtoGR's faulty results and 27 percent of GoSE's faulty results occurred when the paths from RKC to their LCAs included different sequences and/or number of "is-a" and "part-of" relations. We attribute this shortcoming to the fact that the two systems do not consider: (1) the aggregate contributions of RKC to the semantics of their LCAs, (2) the semantic contribution factors of "is-a" and "part-of" relations, and (3) the distances between RKC and their LCAs. RSGSearch overcomes this problem by encoding the contributions of RKC to the semantics of their LCAs and defining semantic similarity measure as a function that returns a numerical value reflecting the closeness in meaning between RKC and their LCAs. Twenty nine percent of GRtoGR's faulty results and 42 percent of GoSE's faulty results occurred when LCAs of RKC annotate different number of significant/active genes. RSGSearch overcomes this problem by using Fisher's exact test. GRtoGR and RSGSearch achieved very close Recall and Precision values using the KEGG human dataset. This is because: (1) GRtoGR considers term C is semantically related to term A and not to term B if A and B have the same specificity and the LCA of A and C is a descendant of the LCA of C and B, and (2) in 67 percent of the KEGG human dataset the paths from terms A and B to their LCA include the same number of "is-a" and "part-of" relations. Thus, A and B in 67 percent of the KEGG human data have the same semantic contributions to their LCA. This alleviated GRtoGR's problem of disregarding the contributions of RKC to the semantics of their LCAs.
CONCLUSIONS
Most current gene set enrichment analysis methods may return enrichment results with low recall and precision, because they overlook the structural dependencies between GO terms in GO graph by not considering the concept of existence dependency. We proposed in this paper a biological search engine called RSGSearch that overcomes this problem by considering the concept of existence dependency and the structural dependencies between GO terms for determining the functional relationships between genes. We evaluated RSGSearch experimentally and compared it with five gene set enrichment systems. The experimental results revealed that: (1) RSGSearch outperformed the other five methods, and (2) about 58 percent (on average) of the faulty results returned by the other five methods were caused by overlooking one or more of the following: (1) the existence dependency between GO terms, (2) the depths of enriched gene sets, and (3) the distances between enriched gene sets and target query genes. RSGSearch overcomes these problems by considering the concept of existence dependency and by also defining the semantic similarity measure as a function that returns a numerical value reflecting the closeness in meaning between RKC and their LCAs. The (Seagate is a leading computer disc drive manufacturer in the US). His current research interests include bioinformatics databases, information retrieval in semi-structured data, keyword search in XML documents, recommendation systems and social networks, and data mining. He was a member of the program committee, editorial board, and review panel for a number of international conference and journal publications such as the IEEE and ACM. He was included in the 2012 Edition of Who's Who in Science and Engineering. He is a member of the IEEE.
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